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Abstract 
Growing energy crops on marginal lands, such as highway right of way (ROW), provides 
a potential solution to utilizing second-generation bioenergy while avoiding conflicts by occupying 
arable farmlands. Considering the scattered distribution of ROW lands, successful management of 
biomass production supply chain is a key challenge when developing a viable system at the state 
level. The overall objective of this study is to evaluate the feasibility of growing energy crops 
along Illinois highways and provide decision support to the stakeholder. To collect the system 
inputs, geospatial information system (GIS) and remotely sensed satellite images were employed 
to identify the eligible lands, and the Google Maps API was used to generate distance matrices; 
linear programming and mix-integer linear programming models were developed to optimize the 
facility selections and biomass flow patterns in different scenarios. 
ROW biomass is shown to be economically feasible as an alternative fuel for heating local 
county facilities of the Department of Transportation. At the state level, using ROW biomass for 
co-firing is not economically competitive, at the cost of 2.71 cent/kWh electricity, compared to the 
current cost of coal used in the same power plants. Proximity of ROW biomass to the power plants 
has a great influence on the cost, and most of the eligible power plants locate around Central 
Illinois. When corn stover, another inexpensive and more abundant biomass is added to the supply 
chain, ROW biomass shrinks its sourcing area to reduce the transportation costs, in order to 
compete with corn stover. When the energy demand is expanded to fulfill the Illinois Renewable 
Standard (2025), the supply shortage of ROW biomass makes it a much smaller portion in the 
feedstock, compared to corn stover. The sourcing cites of ROW biomass are kept almost the same, 
while more counties are selected to supply corn stover, raising the average cost from 2.58 to 3.31 
cent/kWh electricity for corn stover. Uncertainty analysis using global sensitivity indices reveals 
 iii 
that the retrofitting capital cost is the most impactful input on the results and energy demand being 
the second, while transportation costs have almost no influence. 
 The results of this study provided a system level insight of the strategic challenges on 
growing energy crops along Illinois highway ROW. The model developed here is expandable with 
additional system inputs to accommodate more complicated scenarios. The methods and analysis 
documented in this study, though focused on Illinois, can also be applied to other states. 
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CHAPTER 1: INTRODUCTION 
Biomass-based fuel was utilized as an essential source of energy for a long time before the 
Industrial Revolution, when fossil fuel started becoming the driving force of the economy. More 
recently, resource limitations, environmental issues, and demand for energy independence have 
been challenging the domination of fossil fuel since the energy crisis in the 1970s (Lovins, 2004), 
and brought biomass-based energy into public view again. Both the United States and the European 
Union have set targets for replacing a portion of the energy consumption from petroleum with 
renewable biomass energy (EBTP, 2013; USEPA, 2010). 
Though supported by policies, growing biomass has raised concerns about using 
agricultural land for feedstock, which therefore could affect food security (Bryngelsson & 
Lindgren, 2013). As a result, marginal land is emerging as a new option for energy crop production. 
Not having a unified definition, marginal lands are often referred to as “lands with inherent 
disadvantages or lands marginalized by natural and/or artificial forces” (Milbrandt, Heimiller, 
Perry, & Field, 2014). Typical marginal lands include abandoned croplands, mine lands, right-of-
ways, landfills, EPA sites and barren lands (Milbrandt et al., 2014). Right-of-ways account for 
15,229 square kilometers (1.5339 million hectares) in the Contiguous United States. Researchers 
have also estimated the worldwide area of abandoned agricultural lands to be 385-472 million 
hectares (Campbell, Lobell, Genova, & Field, 2008), suggesting that 26-55% of the world’s liquid 
fuel need could be fulfilled by growing second-generation biomass feedstock on marginal lands 
(Cai, Zhang, & Wang, 2010). 
Highway right of way (ROW) area has been associated with renewable energy resources 
in the US since 1948, when engineers tested the possibility of using geothermal energy to keep 
pavements from icing during winter in a bridge reconstruction project in Oregon (Lienau, Culver, 
 2
& Lund, 1988). Recently, the concept of decentralized development of renewable energy, 
compared to relatively expensive and time-consuming centralized production, has drawn people’s 
attention to highway ROW again (Dong, Liu, & Riffat, 2009; Francis, Edinger, & Becker, 2005). 
A report by the Federal Highway Administration (FHWA) estimated that National Highway 
System (NHS) includes about 5 million acres of land and approximately 550,000 lane miles 
(Earsom, Hallett, Perrone, Poe, & Greenfield, 2010). Being able to employ this land resource can 
be a significant benefit financially. For example, the Illinois Department of Transportation (IDOT) 
spent 14 million dollars on mowing ROW areas in fiscal year 2012 (IDOT, 2012). Turning this 
area into revenue-generating sources can help defray the cost of road maintenance. A recent study 
in Utah suggested that 1.7 million dollars in maintenance fees could be saved by the Utah 
Department of Transportation (UDOT) every year growing energy crop on ROW area (Whitesides 
& Hanks, 2011). 
However, the differences between growing biomass on the right of ways and traditional 
farmlands create challenges. First of all is safety. Growing and harvesting biomass with traffic 
running by could be dangerous to both workers and drivers. Secondly, the administrative hierarchy 
of highway management makes it difficult for the state department of transportation to utilize 
interstate highways, which may have more ROW acreage than other types of highways considering 
their wider ROW boundaries. Thirdly, growing ROW biomass is a highly visible activity for the 
public and may raise concerns without proper disclosure and communication. These challenges 
may be overcome by the state department of transportation through endeavors such as new safety 
protocols for ROW biomass management, communication with the federal government and public. 
Nonetheless, the details of potential solutions are beyond the scope of this study. 
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To investigate the production and utilization of ROW biomass itself, pilot tests on different 
feedstocks have been conducted in the Utah, North Carolina, Wisconsin, and Michigan (Derr, 
2011; Mayer, 2012; Pennington et al., 2012; Whitesides & Hanks, 2011). These aforementioned 
studies mostly focused on agronomics, and rarely discussed the logistics of using ROW biomass, 
which needs to be taken into consideration since the production, processing, and consumption of 
ROW biomass may be at different locations, similar to farm crops. But because ROW biomass 
grows along highways, and thus more sparsely distributed, the cost of logistics can be a even larger 
portion in the total cost than that of farm crops. Unlike the farm-based biomass-energy production 
system, there is no database for the available ROW land in Illinois. Without the knowledge of 
where to grow biomass, what to do with the harvested feedstocks, and how to optimized the supply 
chain, the economic viability of utilizing ROW biomass at a larger scale can be seriously 
challenged. To accommodate these challenges, four key system-level questions has been proposed 
in this study: 
1) Where are the eligible lands to grow biomass within highway right-of-way area? 
2) Is it economically viable, compared with traditional fuel and other inexpensive 
feedstocks, to grow energy crops along highway right-of-ways, and what are the 
potential pathways of utilizing the biomass that make it viable? 
3) What are the most economically efficient locations of feedstock supply and end-use 
facilities to start building a right-of-way biomass supply chain? 
4) What are the more sensitive and impactful factors within the supply chain and 
technologies that could potentially change the overall cost? 
If  the aforementioned  system level questions can be answered with this study, the decision makers 
can have a much clearer understanding of where the ROW biomass resources are in the state of 
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Illinois, and if it is economically viable to utilize the resources under optimized results, as well as 
the potential risks in such a logistic system. For other states, the processes established in this study 
can also be modified and used for similar investigations into the production of biomass from 
highway ROW in these states. 
 Objectives 
The overall goal of this study is to evaluate the feasibility of growing energy crops along 
Illinois highways and provide decision support to the stakeholder. Specific objectives were to: 
1) create and collect system inputs, including identifying eligible ROW lands, assessing 
possible end-uses and generate distance matrices; 
2) develop ROW biomass supply chain optimization models at state level to address 
strategic planning challenges; 
3) examine the characteristics of key components and provide decision-making support for 
the stakeholder. 
 Organization of the Thesis 
Chapter 1 gives an overview of the research problems and objectives. Chapter 2 presents a 
literature review that covers the components of a ROW biomass-energy production system, 
management of its supply chain and tools for decision support. Chapter 3 focuses on the methods 
for developing a biomass supply chain optimization model, including: 1) collecting or generating 
necessary data as model inputs; 2) formulating the model on a selected platform; 3) implementing 
the model on specific scenarios and testing its sensitivity to key variables. Chapter 4 provides 
analysis on the model results from the aforementioned scenarios and offers decision support for 
the stakeholder. Chapter 5 discusses the conclusions and future work. Appendix A through C 
contains the data or technical procedures used in previous chapters. 
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CHAPTER 2: LITERATURE REVIEW 
Although there have been several studies on ligno-cellulosic biomass and its supply chain, 
growing biomass along highway introduces new challenges; There is, however, no database for 
eligible ROW land to grow biomass, nor is there a comprehensive guide for how to select such 
land. The feedstocks along highway will presumably receive less management, compared to farm 
crops, and it is important to select the right feedstock that can stand the highway ROW (right of 
way) conditions with sufficient yield. A review of literatures is needed to help gather information 
and past experiences, in order to develop and optimize the right-of-way biomass supply chain. 
This literature review aimed at finding: 
1) the components of a highway right-of-way biomass supply chain system, including 
feedstocks, land, end-use, and transportation;  
2) challenges and solutions in building a successful ROW biomass supply chain, based on 
previous and on-going ROW biomass projects;  
3) potential ways to offer decision supports to the stakeholders. 
 Feedstock characteristics and agronomical issues 
To avoid the competition with food, biomass can be sourced from either waste streams or 
dedicated energy crops grown on marginal lands. Dedicated energy crops with minimal 
maintenance requirements and high outputs are preferred on marginal lands, where resources are 
inadequate compared to farmlands. Wastes from agricultural, forestry and industry actives are by 
nature non-competing with agricultural resources since they are by-products (Nelson, Walsh, 
Sheehan, & Graham, 2004). The abundance of waste biomass depends highly on the locations. For 
instance, in the “corn belt” region of the U.S., corn stover are more abundant, while in the Western 
U.S., forestry residues maybe a better choice if steady supply is required. 
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2.1.1 Dedicated energy crops 
Marginal lands generally have fewer nutrients in the soil, less proper irrigation, and are 
physically more difficult to operate on, especially in the case of ROW. It is also unlikely to spend 
many resources to improve the land itself, since it raises the cost and make the biomass less 
competitive. Therefore, the key property for dedicated energy crops to be applicable on marginal 
lands is to have good nutrient and water use, and ease of management. Several perennial grasses 
have shown promise for bioenergy production on marginal lands, and some of them were 
experimented by various departments of transportation in several states. 
Switchgrass is a native perennial grass to the United States. It also exists in a wide 
geographical range, from South Alaska to central Mexico (Lewandowski, Scurlock, Lindvall, & 
Christou, 2003), which eliminates the concern over species invasion. Switchgrass can achieve high 
yields with low inputs. In a ten-year experiment across over ten states in the United States by the 
Department of Energy, an average yield of 13.1 Mg per ha was observed (McLaughlin & Adams 
Kszos, 2005). With proper selections of varieties, the yield increased by 50% while the cost was 
reduced by 25% in this study. Switchgrass is established by seeds, which reduces the management 
efforts on planting, as well as costs. Commercially available equipments are able to harvest and 
pack switchgrass (EERE, 2011), which is another benefit. 
The Tennessee Department of Transportation (DOT), together with the University of 
Tennessee, conducted pilot experiments with four test plots of switchgrass on ROW (University 
of Tennessee Extension, 2009). However, none of the four plots were harvested, and according to 
a later report “the area that was allocated to plant the switch grass did not produce a large enough 
yield to deem harvesting” (Bayraktar, Zhu, & Mahmoud, 2013). Even though estimation on the 
economics of the project was given by University of Tennessee, no yield data was available. 
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Similar low yield of switchgrass on the ROW was reported by the Michigan DOT in their study, 
but due to the delay of planting (mid-June, instead of spring) caused by the cold and wet spring in 
2011 and the hassle of getting permits from the government (Pennington et al., 2012). 
Miscanthus, similar to switchgrass, is a perennial grass. Originated from outside the 
United States, some varieties of miscanthus (such as M. sacchariflorus) remain invasive to local 
ecosystems in the United States (Barney & DiTomaso, 2008; Hager, Rupert, Quinn, & Newman, 
2015), while some varieties (such as M. giganteus) have been successfully adapted for bioenergy 
production (Heaton, Dohleman, & Long, 2008; Pyter, Heaton, Dohleman, Voigt, & Long, 2009). 
Miscanthus M. giganteus has one of the highest yields among energy crops that are currently under 
study. In a three-year experiment conducted in Illinois, Heaton (Heaton et al., 2008) reported an 
average yield of 30 Mg per ha. Being sterile, miscanthus can only be established by tissue culture 
or rhizomes (Lewandowski, Clifton-Brown, Scurlock, & Huisman, 2000). Also, water usage is 
substantial for miscanthus to maintain maximum yield (Karp & Shield, 2008) which needs to be 
considered in dry areas. 
Oilseed crops are another dedicated energy crops tested by state-level departments of 
transportation. The Utah DOT tested safflower and canola along its highways between 2007 and 
2008. The production of canola was not profitable under the tested conditions due to low yields, 
while the yield of safflower was able to reach a financial break-even point only with aeration 
treatment (Whitesides & Hanks, 2011). Tillage was also found to be helpful to the yield of canola 
grown on the North Carolina highway ROW, according to the experiment conducted by the North 
Carolina DOT, which did not, however, discuss the financial outcome of growing canola (Mayer, 
2012). 
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Native grasses along highways were considered to be cost-saving for DOTs since no 
establishment is required. Michigan DOT harvested the native vegetation in four plots along its 
highways in 2011 and the yields, varying from 0.8 to 1.3 tons per acre, were evaluated as not cost 
effective (Pennington et al., 2012) though no detailed economic calculation was provided. 
Wisconsin DOT, in partnership with a local farm, harvested a 2.2-mile section of highway ROW 
for native grasses in Wisconsin in 2010, and reported an average yield of 2.03 tons per acre, 
suggesting “harvesting roadside biomass with farm equipment is feasible and yield and quality 
was sufficient to warrant further study” (Derr, 2011). 
2.1.2 Waste biomass 
Corn stover is one of the most studied waste biomass. The abundance of corn production 
in the Midwest region makes corn stover a promising candidate feedstock for bioenergy. The 
amount of corn stover that can be used to produce energy is determined by: 
1) the physically available portion of stover in the corn plant;  
2) among “1)”, the amount of stover needed to be left on the field for soil sustainability; 
3) among “1)”, the amount of stover current that is being used for feeding livestock. 
The physically available portion of the entire grain is usually estimated to be from 45% to 
55% for corn. Weather, soil condition, management, and yield have been previously studied for 
their effects on this ratio (45% to 55%). Extreme weather and poor soils have shown influence on 
this ratio (Pennington, 2013; Pennington et al., 2012), though no quantitative model has been 
established with these factors for corn. Long term experiment with different tillage and residue 
management indicated that the ratio did not change with treatments (Linden, Clapp, & Dowdy, 
2000). Even though the yield of corn has been growing in the last two decades, it was achieved 
mainly by increasing the planting density, instead of the portion of grain (USDA, 2014). With 
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normal weather and soil conditions, it is reasonable to calculate the production of corn stover based 
on existing corn grain yield data. 
Removing stover from the field has its advantages and disadvantages and sustainability is 
the major concern. On the one hand, excessive stover can have negative effects by 1) making it 
difficult to till the field, 2) slowing the warming of soil in the spring, and 3) physically interfering 
with the seeding process (Ertl, 2013). On the other hand, removing too much stover may lose 
nutrients (e.g. Ca, N, and K) that were supposedly returned to the soil, and raise the risk of soil 
erosion. While lost nutrients can be replaced by fertilizers at an additional cost, the harvestable 
acreage needs to be cautiously adjusted based on the soil conditions. Land Capability 
Classification (Klingebiel & Montgomery, 1961) described the erosion resistance for different 
types of soil in the United States, based on which a USDA study calculated the harvestable area 
for each county in the Corn Belt region (P W Gallagher et al., 2003). 
In states with large number of livestock such as Wisconsin, the forage demand may exceed 
the supply of hay, and therefore stover can substitute as animal feed. Based on the nutrient 
composition of corn stover, compared with hay, the average price of corn stover as livestock feed 
was estimated as $60.8/ton in 2012 (Paul W Gallagher & Baumes, 2012). This relatively high price 
of corn stover as animal feed may reduce the supply for energy use, though this is very rare in 
states like Illinois and Indiana. 
 Land for growing energy crops along highway 
Aside from agronomic aspects, the locations and sizes of eligible ROW lands are critical 
for logistics analysis at the state level. In the absence of such information, a new database would 
need to be built. Manually examining and measuring the land can be the most accurate way to 
accomplish the task, while being the most expensive and labor-intensive approach. Geospatial 
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information system (GIS), together with remotely sensed satellite imagery, can offer an estimation 
of eligible ROW lands with less resources and time. 
GIS has long been employed for land identification. Global level land availability has been 
studied by either applying global-scale data such as Harmonized World Soil Database 
(FAO/IIASA/ISRIC/ISS-CAS/JRC, 2012), or extending national data to global scale, such as Soil 
Rating for Plant Growth (Holzhey & Sinclair, 2000) from the US (Cai et al., 2010). Nonetheless, 
with relatively low spatial resolution (one pixel on the map representing several kilometers) and 
large error, these databases are more advantageous in the preliminary investigation of resources 
worldwide, rather than quantification of land locally. In the case of right of way, considering the 
small scale (road surfaces are usually less than 100 meters wide) and complex surface conditions 
(mix of concrete, asphalt, soil, trees and grass), fine-resolution data (less then 5 meters for each 
pixel) can provide more accurate information, especially when relating to ground measurements.  
Fine-resolution imageries, often acquired by aircrafts or satellites with high-resolution 
sensors (e.g. Quickbird and IKONOS) (L. Wang, Sousa, Gong, & Biging, 2004), have been 
utilized to map forest biomass (Fuchs, Magdon, Kleinn, & Flessa, 2009; Thenkabail et al., 2004), 
and to estimate crop yields (Leon et al., 2003; Shanahan et al., 2001; Yang & Anderson, 2000). 
Estimation is usually made by creating models relating the information from the images with the 
ground truth data. For biomass, multi-spectrum images capture the reflectance of various 
wavelengths of the light from the targeted biomass, which, by using different algorithms, creates 
a reflectance “fingerprint” distinguishing that biomass from its environment such as soil, water, 
and other plants. Vegetation Indices (VIs) are a series of such algorithms designed to measure the 
biophysical properties of plants ( a Huete et al., 2002). For example, one of the earliest and most 
widely used VIs is Normalized Differential Vegetation Index (NDVI), which takes into account 
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the near inferred and red parts of light spectrum (Townshend, Goff, & Tucker, 1985) (see detailed 
discussion in the Methods Chapter). Since inferred radiation is reflected by cells of plants and red 
light is absorbed by the plant chlorophyll, NDVI provides a measurement of the viability of plants 
and has been used for crop management (Han, Hendrickson, & Ni, 2001; Pinter Jr et al., 2003; 
Schmidt, Gers, Narciso, & Frost, 2001). NDVI is also influenced by soil reflection, vegetation 
moisture, the coverage of vegetation, and atmosphere, and thus different VIs have been developed 
based on NDVI to improve the performance in specific areas. (Ahamed, Tian, Zhang, & Ting, 
2011) provided a review on different VIs and their applications on biomass production. For 
instance, soil reflection (including red and infrared spectrum) may have a large impact on the 
NDVI value, when vegetation takes less than 40% of the land cover. The soil-adjusted vegetation 
index (SAVI) added a “soil brightness correction factor” to correct the potential error from soil (A. 
R. Huete, 1988). Another example is the enhanced vegetation index (EVI), which was designed to 
improve the sensitivity of NDVI in high-vegetation areas and correct the influence from 
atmosphere (Miura, Huete, Yoshioka, & Holben, 2001). 
Even though various VIs can potentially improve the accuracy in some situations compared 
with NDVI, in the case of identifying land along ROW, NDVI is still a viable choice because:  
1) NDVI has the longest history in the application of VIs, and has been test with numerous 
models on many vegetation types. 
2) VIs such as EVI and SAVI are suitable for land with either very high or very low 
vegetation cover, which may not always be the case of ROW land, whose conditions vary a lot 
along the road. Applying a scenario-specific VI may instead increase the error. 
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3) The additional data used by other VIs, such as soil data, usually have the lower resolution 
than the satellite images, creating a mismatch in calculation, and will not be accurate for small-
size lands like in ROW areas. 
 Biomass-energy products 
Depending on the targeted end-uses, ligno-cellulosic biomass can be converted into various 
forms of energies including fuel, heat, and electricity, and each end use requires a different process. 
Transforming energy crops to liquid fuel is one of most promising approaches in large-scale 
biomass-to-energy projects considering the environmental benefits of replacing part of gasoline 
with ethanol in automobiles (Hess, Wright, & Kenney, 2007). Cellulosic ethanol is among the 
most studied liquid fuel products from biomass, especially when blending ethanol with gasoline 
become fairly common (and legally required in some states) nowadays. Biobutanol, another 
product produced from biomass, has even higher energy density and thus can be blended with 
higher ratio to gasoline without affecting the engine, compared to ethanol (Antoni, Zverlov, & 
Schwarz, 2007). However, there are very few existing examples for small-scale applications of 
bioethanol production. Instead of technical difficulties, the major barrier of producing bioethanol 
is on the economical side. That is because the current cost of equipment for small-volume ethanol 
production is similar to large-scale ones, making the unit ethanol production cost significantly 
higher ($17.99 per gallon from the 100,000-gallon plant versus $5.06 per gallon from the 
1,000,000-gallon plant). According to survey data, the total acreage of NHS ROW in the state of 
Illinois is less than 1% acreage of cropland (Earsom et al., 2010; ERS, 2011). The amount of ROW 
biomass harvested within a single county will unlikely meet the financial break-even point to build 
a local biorefinery. The bioethanol industry is focusing heavily on expanding the scale to compete 
with well-developed traditional energies and less attention has been paid to small-scale projects. 
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Biomass can be the sole combustible with a dedicated combustion system, which has been 
indicated having better effects reducing GHG (greenhouse gas) emission compared to another 
typical alternative, co-firing with primary fossil fuels such as coal (Sebastián, Royo, & Gómez, 
2011). Small-scale biomass heating systems have been widely adopted in some of the Europe 
countries such as Sweden, Germany, France, and Austria, with various technologies and standards. 
However, it has to be pointed out that forest biomass, especially woodchips are the main feedstocks 
used, giving the relatively abundant resources in these counties, while grasses are mainly the 
biomass that can be harvested from ROW in this project. The even lower energy density and higher 
ash content after combustion of ROW biomass may considerably increase the operational 
difficulty. Cost wise, capital investments are still high and government incentive plays a noticeable 
role in encouraging the adoption of small-scale biomass heating systems (Verma, Bram, & De 
Ruyck, 2009). 
Co-firing biomass with coal is a near-term solution to use ROW biomass. First of all, like 
other biomass-energy pathways it also has the benefit of reducing greenhouse gas (GHG) emission 
since it replaces part of the coal with biomass (Sebastián et al., 2011); secondly, eligible power 
plants are usually flexible with the type of biomass combusted with coal, and therefore it may 
reduce the risk when the supply of a specific feedstock is not sufficient (Wright, Boardman, & 
Yancey, 2011); finally the cost of modifying existing equipments is usually lower than building 
new facilities (Baxter, 2005), and especially when the mixing rate is 5% or less (energy-based), a 
separate feeding system is not required (Bain, Overend, & Craig, 1998; EERE, 2004), which can 
further reduce the cost. Fuel mixing efficiency due to the density difference between biomass and 
coal, and increased ash content from biomass are two of the most considered technical issues when 
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larger amount of biomass is to be co-fired with coal (Wright et al., 2011). To better blend biomass 
with coal, separate injection system or gasification-based co-firing could be used (Tillman, 2000).  
When the blending ratio exceeds 5%, co-firing biomass with coal usually requires 
retrofitting in the selected power plants. The implementation of state Renewable Portfolio Standard 
(RPS) creates possibility in using large amount of biomass to co-fire with coal, and therefore 
introducing such retrofitting. In Illinois, RPS requires investor-owned utilities to ensure that 25% 
of electricity sold in the state comes from renewable sources by the year 2025 (ICC, 2015). Illinois 
RPS also mandates the portion of different renewable resources to be used, in which biomass can 
contribute up to 18% percent (of the 25% electricity) (ICC, 2015). Power plants will need to make 
addition investment to accommodate such amount of biomass, including capital cost on additional 
equipments, and additional costs on operating and maintenance (EERE, 1997; Koppejan & Van 
Loo, 2012; Robinson, Rhodes, & Keith, 2003). 
 Transportation and handling 
The relatively low energy density and scattered distribution of ROW biomass make 
transportation one of the challenges in making it cost-effective. Typical methods of transportation 
include truck, train, and ship, depending on various factors such as the scale of production, the 
form of biomass, and the end-use (Hamelinck, Suurs, & Faaij, 2005). Trucking is generally more 
flexible, although more expensive compared to other methods. However, considering the small 
amount of biomass in this ROW project and relatively short distances between production points 
(ROW lands) and gathering points (county depots), it is a more applicable option. 
Transportation with trucks usually involves two types of costs: fixed cost from loading and 
unloading materials, and variable cost that is related to travel distance and the amount of biomass 
(Mahmudi & Flynn, 2006). Estimates of trucking transportation costs of biomass have a wide 
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range in North America, for both fixed and variable costs (Kumar, Cameron, & Flynn, 2005). The 
transportation costs are influenced by the moisture content (Jenkins et al., 2000; Kumar, Cameron, 
& Flynn, 2003), type of biomass (wood chip, grass, or straw) (Jenkins et al., 2000; Kumar, 
Cameron, & Flynn, 2004; Marrison & Larson, 1995), and form of biomass (bale types) (Perlack 
& Turhollow, 2002). The disparity in the transportation cost may create more uncertainty in the 
results and thus requiring additional attention. 
When collecting ROW biomass from several sites to a county depot, handling, including 
loading, unloading and packing would contribute a great portion of the total cost. A small square 
baler costs about 28.9 US dollars for packing one acre of hay (Schnitkey, 2012). Using this data 
for estimation, a preliminary test on harvesting ROW biomass in DeWitt County of Illinois 
indicated that packing takes as much as 43% of total cost (Liao et al., 2014). 
A distance matrix, a matrix containing distances between paired points, determines the 
variable transportation cost and serves as the crucial input in optimizing system cost. To find the 
shortest distances and construct such matrix, several algorithms were developed during the last 
several decades, such as Dijkstra's algorithm (Dijkstra, 1959), A* search algorithm (Hart, Nilsson, 
& Raphael, 1968) and Floyd–Warshall algorithm (Floyd, 1962). Since shortest-path-finding is one 
of the essential functions in modern map applications and services, different companies have 
developed several tools for it. For example, Network Analyst is a built-in function for routing and 
distance calculating on ArcGIS and uses Dijkstra's algorithm (Esri, 2010). Google Maps also 
provides a tool for generating distance matrices, in the form of Distance Matrix API (application 
programming interface) (Google, 2014). This service uses Google’s enormous geo-database to 
ensure its accuracy in real situation and can be relatively easy to connect with other services. 
However, the algorithm behind its API has not been disclosed. Another possible approach is 
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OpenStreetMap, which is an online crowd-sourced road network database and unlike the other 
platforms that directly provides tool for calculation, it required third-party applications to perform 
this work (OpenStreetMap, 2014). Since the road data is user generated, the reliability usually 
needs to be examined cautiously before employment for quantitative analysis. 
 Supply chain management 
Due to the uniqueness of feedstock distribution and end-use objective, the supply chain of 
utilizing ROW biomass is differentiated from other larger scale systems on the strategic and 
tactical levels of decision-making. 
Strategically, many models consider allocating new facilities, such as storage and 
biorefineries, as key issues for long term planning (Noon & Daly, 1996; Panichelli & Gnansounou, 
2008). However, since the quantity of potential biomass produced from ROW does not have the 
same order of magnitude compared to farm-based biomass, it is unlikely to build large facilities 
dedicated to this feedstock, rather to use existing ones and as a supplementary source. Another 
possible approach is to combine the supply chain of various types of biomass as proposed in recent 
“multi-commodity network flow model” (Zhu & Yao, 2011). By incorporating biomasses 
(switchgrass, stalk and straw) with different harvesting seasons, the supply stability was enhanced 
and the unit profit of biofuel was increased in this mixed integer linear programming (MILP) 
model. A similar MILP model on multi-feedstock supply chain was introduced in 
Europe(Rentizelas, Tolis, & Tatsiopoulos, 2009). Instead of producing biofuel, this research 
focused on “tri-generation” of energy (i.e. electricity, heat and cooling) for district heating. Both 
of the models provided the optimum conversion facility location and size, along with the biomass 
mixing rate, and referred the cost of storage as one of the keys toward overall cost reduction. A 
comparison of three typical types of storage (Rentizelas et al., 2009) further emphasized that a 
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cheaper and simpler storage option had the dominating impact on the total cost, while expensive 
storage might be necessary to multi-biomass approach (multiple types of biomass in the supply 
chain) for reducing storage space. It was recommended to build the storages next to or in the 
conversion facilities to simplify the storage and lower the cost. 
Tactically, biomass harvesting window is of great importance because of the dry matter 
loss, especially when growing biomass on large farms. Models such as BioFeed were developed 
to optimized the machinery selection, in-field transportation and scheduling (Shastri, Hansen, 
Rodríguez, & Ting, 2010). Current models on farm-based biomass production consider harvesting 
and in-field transportation to be very similar across farms, since the shape of a common farm is 
fixed (Bai, Ouyang, & Pang, 2012), whereas ROW areas are seldom uniformly shaped. Converting 
traditional in-farm operations to this scenario requires both additional distance and equipment data, 
and modifications of current models to adapt these changes. 
 Decision Support Systems  
The definitions of decision support systems (DSS) vary from discipline to discipline. 
Assisting the decision maker(s) via effective communications in the decision process is the core 
function of DSS (Janssen, 1992). Spatial decision support system (SDSS), as a derived product of 
DSS, emphasizes the spatial aspect using GIS and other decision support tools, when the problem 
is dependent on or sensitive to spatial inputs (Uran & Janssen, 2003) such as biomass-energy 
production. Data, analysis and communication are three domains in constructing a SDSS, in which 
GIS plays important roles in both the data domain (generalizing and processing spatial data) and 
the communication domain (creating cartographic products) (Calvert, Pearce, & Mabee, 2013). 
By migrating the delivery of information from static and locally installed software to 
dynamic and interactive web-based interfaces, the decision makers can access the analyzed results 
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more efficiently. For instance, Google Maps, including its several APIs, has been adopted to make 
decision-making tools in a vehicle routing problem (Santos, Coutinho-Rodrigues, & Antunes, 
2011) and to build an online collaborative decision-making platform (Rinner, Keßler, & Andrulis, 
2008). The integration of GIS and other analytical tools is another challenge in creating a SDSS, 
from a software engineering point of view. ArcGIS Runtime (Esri, 2014) is one of efforts made by 
this traditional GIS provider to enable embedment of GIS functions in some general programming 
environments such as Java and .NET, rather than then being limited in its own application. 
CyberGIS is a recently emerged software ecosystem that is “integrated, scalable, and sustainable” 
for such data-rich problems (S. Wang, 2013). CyberGIS is capable of not only connecting to other 
decision support tools, but also maintaining geospatial databases, performing spatial analysis, 
managing parallel computing and visualizing the results online (Liu, Padmanabhan, & Wang, 
2014) and thus was useful in constructing the SDSS for large-scale biomass production problems 
(Lin, 2013). 
 Summary of literature review 
This chapter first reviewed literatures related to the essential components in the ROW 
biomass supply chain: feedstocks, land, end-uses, transportation and handling: 
1) Compared with other types of biomass, switchgrass is native, easy to establish and 
mange, and has reasonable yields, making it one of the best candidates to be grown in the ROW 
area. In terms of being economical, corn stover is a competitive biomass, especially with its 
abundance in the Midwest Region. 
2) To expedite the process of ROW land identification, GIS, remotely sensed satellite 
imagery, and established NDVI models can be used to avoid the time-consuming manually 
digitizing. 
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3) Based on the scale of ROW biomass production, locally the biomass can be used in bio-
burners for heating buildings, and regionally the biomass can be shipped to nearby power plants 
to co-firing with coal. The costs in both scenarios need further investigation to make the choices 
economically feasible. 
4) Using trucks to transport ROW biomass is flexible and cost-saving, considering that 
local IDOT depots usually own trucks already. The costs of truck transportation reported in the 
literatures fell into a wide range and may create uncertainty when optimizing the cost of the supply 
chain. To accurately and efficiently calculate the transportation cost, generating distance matrices 
with services such as Google Maps API is recommended. 
As for the potential supply chain to use ROW biomass for co-firing, a two-stage linear 
programming model without storage can be applied in this scenario, when retrofitting in power 
plants is not required. To study the competitiveness of ROW biomass, corn stover can be added as 
another feedstock. If larger amounts of biomass are needed and retrofitting in the power plants 
may be necessary, a mix-integer programming model needs to be built to handle the selection of 
power plants. Finally, to offer better decision supports, CyberGIS, with parallel computing 
capability and visualization tools, provides a promising platform to integrate with the optimization 
models and establish a web-based GDSS. 
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CHAPTER 3: METHODS 
This chapter is comprised of three major sections about data preparation, basic local 
feasibility study, and optimization models and analysis at the state level. This chapter focuses on 
the methods for developing biomass supply chain optimization models, in order to answer the 
system-level questions raised in the introduction chapter: 
1) Where are the eligible lands to grow biomass within highway right-of-way 
(ROW) area? 
We used geographical information system with remotely sensed satellite imagery to 
identify eligible land parcels along selected Illinois highway ROW area (section 
3.1.1). We also generated the distance matrices for the land parcels, as inputs to 
calculate the transportation costs (section 3.1.2). 
2) Is it economically viable, compared with traditional fuel and other inexpensive 
feedstocks, to grow energy crops along highway right-of-ways, and what are the 
potential pathways of utilizing the biomass that make it viable? 
At the county level, we modified the BioFeed model to optimize the harvesting, 
handling, and transportation of biomass from ROW to county depots (section 3.1.3). 
The optimized results were than used to study the basic feasibility of ROW biomass 
as an alternative fuel for heating IDOT facilities (section 3.2). 
At the state-level, we modified the BioScope model, to consider different scenarios in 
which additional feedstock competes with ROW biomass, or large demand creates 
additional cost (section 3.3). 
3) What are the most economically efficient locations of feedstock supply and end-
use facilities to start building a right-of-way biomass supply chain? 
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We analyze the spatial distribution of the supply chain components for each supply 
chain created (section 3.3). 
4) What are the more sensitive and impactful factors within the supply chain and 
technologies that could potentially change the overall cost? 
For the linear programming models (section 3.3.1 and section 3.3.2), we used shadow 
price to examine the sensitivity of key inputs; for the mix integer linear programming 
model (section 3.3.3), we used global sensitivity indices to study the sensitivity. 
 Data preparation 
The total cost of utilizing ROW biomass is comprised of procurement cost, transportation 
cost, and processing cost, which may include the cost needed for retrofitting power plants. 
Calculating each cost requires different sets of data (listed in Figure 3.1). In this study, some data 
are sourced from previous studies, such as the yield of biomass and unit transportation cost, while 
others are generated using raw data and methods described in this section, such as the ROW land 
area, since no previous study have been found. 
 
Figure 3.1 Cost components of using ROW biomass for energy. 
Total Cost
Procurement Cost
ROW Land Area
Yield
Unit biomass cost
Transportation 
Cost
Distance
Fixed and variable 
transportation 
cost
Processing cost
Retrofitting cost
Operation and 
maintenance cost
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3.1.1 Land identification 
There are two criteria determining the area and location of eligible lands for growing ROW 
biomass: 1) the boundary of ROW created based on the highways, within which growing biomass 
is allowed; and 2) the lands near the highways where growing biomass may be agronomically 
viable. The first criteria can be represented by a shapefile of ROW, and the second can be 
represented by a NDVI map. Overlaying the aforementioned shapefile and NDVI map we are able 
to extract the lands meeting both criteria. Finally, we eliminate the small land pieces on which 
machinery can hardly operate, and reduce the number of eligible land parcels. 
 
Figure 3.2 Process of identifying eligible ROW land parcels. 
Being highly fragmented, it is both time consuming and labor intensive to measure and 
ground truth every piece of ROW lands by traditional survey. Therefore, remote sensed images 
and a graphical indicator (NDVI) were used to expedite this process and reduce its cost. To reduce 
the computational load on subsequent modeling, a geographical aggregation approach was applied 
to reduce the total number of ROW land pieces. Using ModelBuilder, a built-in function of 
ArcGIS, an automated program was created to further reduce the processing time. 
The multi-spectral satellite images are retrieved from USDA Natural Resources 
Conservation (NRCS) Geospatial Data Gateway (USDA NRCS, 2014) and created by USDA Farm 
Service Agency Aerial Photography Field Office in 2004 in the format of digital orthophoto 
quadrangle images. The horizontal datum is North American Datum of 1983 (NAD83) and original 
coordinate system is UTM zone 16 north. The resolution is 2 meters. 
Determine the 
boundary of 
ROW from 
road shapefile.
Create NDVI 
map based on 
remote sensed 
satellite 
images.
Overlay the 
two layers and 
save the 
intersection.
Reduce the 
number of 
ROW.
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A shapefile is vector data file that stores points, lines, polygons or the combination of these 
three. The highway road shapefiles were retrieved from IDOT Technology Transfer Center (IDOT, 
2015). Road information was tabulated in the associated attribute table of the shapefile, which can 
be referenced through Illinois Highway Information System Roadway Information & Procedure 
Manual (IDOT, 2014). The horizontal datum is North American Datum of 1983 (NAD83) and 
original coordinate system is State Plane Coordinate System (zone 1202). The information 
accuracy is described as “0.01 of a mile”. Below are the key assumptions used in generating the 
ROW land parcels map. Detailed descriptions for some of the conceptions are documented in the 
following sub-sections. 
 Table 3.1 Key assumptions used in generating ROW land parcels map. 
Description Assumed Value Rationale or citation 
Type of highway investigated US and state highways The state IDOT manages 
US and state highway 
Speed limit of highway 
segments investigated 
Above 35 miles per hour To avoid residential or 
business district 
ROW buffer zone width (each 
side of road) 
24 feet Average ROW width from 
(IDOT, 2014) 
NDVI value range for viable 
land selection 
0.17 to 0.56 (Reed et al., 1994) 
Cutoff size of ROW land 
parcels 
1000 square meters Machinery operations 
3.1.1.1 Highway type and segment selection 
Because the state department of transportation only administrates US and state highways, 
in this study we select these two types of highways. Since the highway road shapefiles retrieved 
from IDOT contain all types of roads, the first step is to extract the US and state highways. Similar 
to other database languages, ArcGIS uses query syntax to formulate the operation of selection. In 
ArcGIS, a GUI (graphical user interface) called “Select by Attributes” is provided for the creation 
of such query: 
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"MARKED_RT" LIKE 'U%' OR"MARKED_RT" LIKE 'S%' 
Where "MARKED_RT" is the column in the attribute table that represents the type of each 
road. 'U%' and 'S%' indicates a road name starting with the letter “U” for US highways or 
“S” for state highways. 
Similarly, the speed limit of potential segments of roads is set to be above 35 miles per 
hour to ensure the safety of operations by avoiding residential and business district. The formula 
is: "SP_LIM" > '35', where "SP_LIM" is the column of speed limits. 
3.1.1.2 ROW buffer 
 
Figure 3.3 Segments of road width. Numbers shown are only demonstrative. Alignment of segments 
is not necessarily symmetric; not all roads have all the types of segments. Source: Illinois Highway 
Information System. Roadway Information & Procedure Manual (http://www.dot.il.gov/iris/aTable.html). 
Since the highway shapefile from IDOT contains only polylines representing the centerline 
of road, we need to create the polygons representing the road width, in order to locate the ROW 
parcels and calculate the area. In the shapefile’s tabulated database, a new column for half of the 
total road width is generated by equation 3.1.1. 
 
(3.1.1) 
 is half of the total width of road surface, since buffering is applied to each side of the centerline. 
and are the lengths of two types of inside road shoulders, respectively. Similarly, and 
 
R = a ´ (I1 + I2 + M +O1 +O2 + S)
2
 R
 I1  I2  O1  O2
Median 
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are the length of two types of outside road shoulders, respectively. stands for the median width 
and the road surface width. All units were in feet and thus a factor  was used to transform the 
result into meters. = 0.3048. The segments of road width are demonstrated in Figure 3.3. Note 
that the numbers are only demonstrative and the alignment of segments is not necessarily 
symmetric, and it is possible some roads do not have all the types of segments. The corresponding 
names of road segments in the attribute table of shapefile are listed in Table 3.2. 
Table 3.2 Column names of road segment width in the attribute table of shapefile. Source: Illinois 
Highway Information System. Roadway Information & Procedure Manual 
(http://www.dot.il.gov/iris/aTable.html). 
Type of road segments Name in the attribute table of shapefiles 
Outside shoulder 1 O_SHD1_WTH 
Outside shoulder 2 O_SHD2_WTH 
Inside shoulder 1 I_SHD1_WTH 
Inside shoulder 2 I_SHD2_WTH 
Medium MED_WTH 
Road surface SURF_WTH 
 
The total road width will then be used to create a buffer zone, based on which a fixed buffer 
zone of 24 feet (for each side of the road) will be created to represent the ROW area. 
3.1.1.3 NDVI image generation and reclassification 
NDVI stands for normalized differential vegetation index whose value is calculated 
through equation 3.1.2. 
 
(3.1.2) 
NIR is the near infrared and RED is the red band, both reflectance as the ratio of reflected 
over incoming radiance in each band, in a multispectral satellite image. Based on the formula itself, 
 M
 S a
a
 
NDVI = NIR - RED
NIR + RED
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in a NDVI image, each pixel has a value from -1 to 1. Healthy vegetation will absorb more visible 
light (smaller RED value) while reflecting more near infrared light (larger NIR value), making the 
NDVI value closer to 1, and vice versa for unhealthy or absent of vegetation (NDVI value closer 
to -1). Since water bodies will absorb all the lights, the NDVI values of them are zero. According 
to a previous study (Reed et al., 1994), the values for tall grasses most likely fall in the range of 
0.17 to 0.56. In this project, a downloaded multispectral digital orthophoto quadrangle (DOQ) 
image is composed of three child images, named band one for the infrared band, band two for the 
red band, and band three for the green band. Only band one and two would be extracted and used 
for calculating NDVI. Changing the values of raster data (in this case creating NDVI image from 
other images) is called reclassification in ArcGIS. The creation of NDVI image is achieved via the 
“Raster Calculator” tool in ArcGIS. “Raster Calculator” can operate on a single image or between 
multiple images. For creating the NDVI image, the formula is: 
ndvi=(float(band_1)-float(band_2))/(float(band_1)+float(band_2)) 
The float() function is for the numerical transformation (to float format) and thus 
preserve the accuracy. “band_1” and “band_2” are the names of child images of a DOQ image 
file. In this case “band_1” represents the NIR band and “band_2” represents the red band. Note 
that in most cases, the names of images are much longer, depending on the data sources. 
For reclassification, the formulas are: 
ndvilow = setnull ("ndvi"<=0.17, "ndvi")  
ndvir = setnull ("ndvilow">=0.56, 1) 
Where “ndvilow” is the intermediate file restricting lower boundary of the value range 
and “ndvir” is the final output file. In the first expression the function “setnull()” sets all 
the pixels outside the lower boundary (those with NDVI value smaller or equal to 0.17) with null 
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value and keeps the rest unchanged. In the second expression the same function will do the same 
to pixels outside the upper boundary (those with NDVI value larger or equal to 0.56), while assign 
value “1” to the pixels within the desired range, since a unified value is more convenient for 
visualization. 
3.1.1.4 Integration of NDVI image and ROW buffer 
Extracting the pixels of NDVI image locates in the ROW zone allows us to focus on eligible 
lands only in this area. In ArcGIS “Extract by Mask” tool is used, where the ROW zone is the 
“Mask” and the reclassified NDVI image is the target. 
After “masking”, the output raster image will be transformed to vector data using “Raster 
to Polygon” tool in ArcGIS for further analysis. 
3.1.1.5 Combining and reducing the number of ROW land parcels 
The ROW land parcels produced from NDVI selection highly scattered due to two types 
of situations: pieces of lands with very small areas, and closely neighboring while not adjoining 
lands. The solution to the first situation is straightforward by simply eliminating those small pieces 
and in this case we set the limit to be 1000 square meters. To aggregate those adjacent lands, the 
following method is used. 
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Figure 3.4 Combining ROW lands. Image 1 depicts three nearby ROW land parcels (a), (b), and (c). 
(a) and (c) are on the opposite sides of a road, separated by the road surface, while (a) and (b) are separated 
by possibly an entrance or obstacle along the same of side of the road. Image 2 applies a buffer of the road 
width to each of the three ROW land parcels and connects them. Image 3 eliminates the boundaries created 
in Image 2 and makes the ROW land parcels a whole new parcel. 
Consider there are two types of neighboring ROW polygons (circled out in Figure 3.4): 
those on the opposite side of road and separated by the road surfaces, and those separated by other 
obstacles on the same side of road, such as an outlet of a roadside building, or a tree. To 
demonstrate how nearby polygons combine, three polygons (a, b and c) are selected and depicted 
in Figure 3.4. First we will use buffer to make connections between nearby polygons, and the 
buffer distances are the mean widths of roads to “connect” the land parcels. Then the “Dissolve” 
tool will be used to eliminate the boundaries of overlaid polygons and thus making polygon (a), 
(b) and (c) into a big new polygon (A) that spatially covers all the original three polygons. 
The process above will combine nearby ROW land parcels and find the location of the 
newly combined parcels, which will be used for calculating the distances later. However, the newly 
combined polygons have larger area than the total area of the separate small polygons. To preserve 
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the true area of the ROW land parcels in the process of combining polygons, a multiple-to-one 
projection between the original small polygons and the new large polygon, as depicted in Figure 
3.5. 
 
Figure 3.5 Database transformation in ROW quantity reduction 
The original polygons containing their area information (image 1) and the new polygons 
containing the combined location information without area (image 2). “Spatial Join” tool is then 
used to generate a new table associating IDs of new polygons and original ones if they are 
graphically overlaid (image 3). Then we will add up the area of nearby lands and associate them 
with the new polygons by “Summarize” and “Join Attributes” tools (image 4). 
Finally, to present the location of each polygon, “Feature to Point” tool is used to find the 
centroids of each new polygon. 
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3.1.1.6 Process automation by Model Builder 
Using the built-in Model Builder of ArcGIS, the processes of ROW land identification and 
quantity reduction can be automated and thus not only saving time but also reducing the chances 
of error from the operators.  
Nonetheless, operating with high resolution satellite imageries still requires significant 
computing power and time. For larger scale analysis, such as logistics at the state level, being able 
to quickly calculate the area of eligible ROW land can be beneficial; thus a simple regression 
model is developed in section 3.1.1.7 to estimate the county-level ROW land. 
3.1.1.7 ROW land area estimation using land cover data 
Land cover is the types of material on the surface of earth, such as water, grasses, trees, 
asphalt, soil and so on. There are two major ways to retrieve land cover information: conducting 
surveys and processing remote sensed data and the latter is being used more nowadays due to its 
lower requirements on labor and time. Often the resolution of land cover data (over 10 meters) is 
not high enough to accurately locate the ROW land, since the scale of ROW is close to or smaller 
than this resolution. However, land cover data could conveniently provide the area percentage of 
a certain land cover type among all the types within a boundary, such as for an entire county. For 
county level analysis in this study, it saves time to estimate the ROW area in a county using land 
cover data, compared to more accurate yet more time consuming procedures using NDVI. 
National Land Cover Database 2006 (NLCD 2006) (http://www.mrlc.gov/nlcd2006.php) 
was used as the data source for land cover information. NLCD 2006 offers middle resolution (30 
meters) maps with 16 classes of land cover type. Each pixel in a NLCD 2006 image represents a 
30 meters by 30 meters square area, indicating one of the 16 types of land cover classes. In the 
previous NDVI reclassification, the lower and upper end of NDVI value range, which indicates 
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developed lands and forests, were excluded since these land types are not suitable for growing 
perennial grasses (Reed et al., 1994). Correspondingly, the land cover classes representing 
developed lands and deciduous forests are extracted in the calculation, as listed in Table 3.3. 
Table 3.3 Selected land cover classes and corresponding values, full source data and detailed 
description could be found at http://www.mrlc.gov/nlcd06_leg.php 
Value Class 
21 Developed, Open Space 
22 Developed, Low Intensity 
23 Developed, Medium Intensity 
24 Developed High Intensity 
41 Deciduous Forest 
 
 Two parameters determining the eligible ROW area for growing energy crops within a 
county are: 1) the total area of ROW, which was denoted as ; and 2) the percentage of land area 
that is suitable for growing energy crop within that county. The second parameter is denoted as 
: 
 
(3.1.3) 
In the NLCD 2006 map, , , , and are the number of pixels in a county 
boundary for each of the classes listed in table 3.2. indicates the number of all pixels. Note 
that since each pixel represents the same area and the results are normalized, no unit conversion 
was needed. A linear model was proposed to calculate the eligible ROW area: 
 
(3.1.4) 
 N
 L
 
L = 1- P21 + P22 + P23 + P24 + P41
Ptotal
 P21  P22  P23  P24  P41
 Ptotal
 ROWe = a ´ N ´ L+ b
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Where is the eligible ROW area in square meters.  and  are two coefficients to 
be determined. Since the ROW width is assumed to be constant, the total ROW area is proportional 
to the road length ( ) and thus equation 3.1.4 can also be expressed as equation 3.1.5, where 
and are coefficients to be determined. 
 
(3.1.5) 
To find  and , eligible ROW area of 30 counties in Illinois were calculated using 
procedures introduced in section 3.1.1.4 and the and values for each of the 30 counties were 
also calculated. The linear regression has an R square of 0.68 and three potential outliers were 
detected. Further investigation found out these three counties has many more ROW lands that are 
smaller than 1000 square meters, compared with other counties. Since 1000 square meters is the 
threshold, more land areas were excluded in these three counties and thus making them outliers in 
the model fitting. A model with the remaining 27 counties data gave the R square of 0.79 and 
, . The details of the data and model fitting process were included in 
Appendix B. The original data files are preserved in a secure repository managed by BioMASS 
Lab in the University of Illinois at Urbana-Champaign (contact Dr. Luis F. Rodríguez at 
lfr@illinois.edu for detailed information). 
With this estimation, 95 out of the 102 counties in Illinois were selected to produce various 
amount of ROW biomass. 
3.1.2 Distance matrix generation 
The variable transportation cost depends on the quantity of biomass to be shipped, as well 
as the distance between each point within the supply chain: at the tactical level are the distances 
between ROW biomass harvesting locations and county depots; at the strategic level are the 
distances between county depots and power plants. A database of county-to-county distances has 
 ROWe  a  b
 RD  a '
 b '
 ROWe = a '´ RD ´ L+ b '
 a '  b '
 RD  L
 a = 2864.9  b = -28524
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been established using ArcMap in the original BioScope model while there is not one for within 
county ROW lands. Since the calculation of distance matrices is highly dependent upon the road 
network information with fine scale, which is not public available for Illinois, to the best of our 
knowledge, the Google Maps Distance Matrix API was selected. The Google Maps Distance 
Matrix API is a service that gives the travel distances and time of a matrix of origins and 
destinations, based on recommended route between two points as calculated by Google Maps API.  
To use the Google Maps Distance Matrix API, the data created in ArcMap was first 
transferred into a Fusion Table, which is an online database that can be queried by the Google 
Maps Distance Matrix API. Since Google uses a coordinate system called “WGS 1984 Web 
Mercator (Auxiliary Sphere)”, the shapefile created in previous steps was projected to from its 
original coordinate system (UTM Zone 16 N) and then transformed to a Fusion Table via an online 
service “shp2fusiontable” (Livni, 2011). 
 
Figure 3.6 Workflow of generating distance matrices using The Google Maps Distance Matrix API 
Since Google prohibits the use of this service without displaying the maps, for example on 
a website, a webpage file written in HTML5 and JavaScript was therefore created to use this API. 
The workflow is described in Figure 3.6. The source code is preserved in a secure repository 
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managed by BioMASS Lab in the University of Illinois at Urbana-Champaign (contact Dr. Luis 
F. Rodríguez at lfr@illinois.edu for detailed information). 
3.1.3 County-level ROW biomass procurement cost 
At the county level, harvesting and transporting the ROW biomass to the county depots 
forms its own supply chain. To find the optimal practices to manage this county-level supply, the 
BioFeed model, originally developed for biomass grown on farmlands (Shastri et al., 2010), was 
modified to adapt to the ROW scenario. Using ROW land acreage and distance matrix data 
generated in aforementioned sections, this modified model optimizes the routing and scheduling 
of the harvesting, packing, and transportation processes, to minimize the total costs at the county 
level (Liao et al., 2014). Using DeWitt County in Central Illinois as an example, the cost of ROW 
biomass at the county depot gate was about $21 per metric ton, with almost half contributed by the 
packing costs (Liao et al., 2014). This cost data was used in the following sections, including in 
the basic case where ROW biomass is burnt locally for facility heating, and the in models where 
ROW biomass is transported to co-firing in power plants. 
 Basic feasibility study for heating county facility with ROW biomass 
One of the proposed uses of ROW biomass in the county is to replace propane, the current 
fuel for heating IDOT facilities during winters. To find the proper biomass burner for ROW 
biomass, the energy demand needs to be determined first. According to the history propane bill in 
DeWitt County IDOT depot, the annual propane consumption is about 3,114 gallons, costing 
around $4,500 per year. Giving the energy content of propane (91,500 BTU/gallon), the total 
energy is about 285 million BTU. Assuming the propane furnace has an efficiency of 80%, the 
total energy required for the DeWitt facility is about 228 million BTU, which is about 66,804 
kilowatt hours per year. To calculate the ROW biomass needed, we assume the biomass energy 
 35
conversion efficiency to be 30% and the biomass storage loss to be 10%. Giving that the energy 
content of switchgrass is about 7,700 BTU/lbs, the total ROW biomass demand is about 50 metric 
tons. This demand can be fully fulfilled, based on previous study in DeWitt County (Liao et al., 
2014). 
Based on the propane bill history, the facility space was heated for about 5 months during 
the winter. The hourly energy consumption therefore would be approximately 18.6 kilowatt hours. 
A 25 kilowatt fully automated pellet boiler costs about $22,000 to $30,000 (The Renewable Energy 
Hub, 2014). Assuming a 20-year life, the annual capital cost would be USD $1,100 to $1,500. The 
50-ton feedstock costs about $1070 per year, making the total annual cost about $2,170 to $2,570, 
which is less than using propane. However, the interest rate and estimated life span of the 
equipment can greatly influence the annual cost (Table 3.4). 
Table 3.4 Total annual cost of using ROW biomass, based on different equipment purchase costs, 
interest rates and life spans. All costs are in US dollars. 
Net Present Value $22,000 $22,000 $22,000 $30,000 $30,000 $30,000 
Interest Rate 0.05 0.1 0.05 0.05 0.1 0.05 
Life Span 10 10 20 10 10 20 
Present Vale of Annuity Factor 7.72 6.14 12.46 7.72 6.14 12.46 
Equivalent Annual Cost $2,849 $3,580 $1,765 $3,885 $4,882 $2,407 
Total Annual Cost $3,919 $4,650 $2,835 $4,955 $5,952 $3,477 
Savings Compared to Propane $586 -$144 $1,670 -$449 -$1,446 $1,029 
 
 Modified BioScope Model 
The original BioScope model was modified into three different models: the baseline model 
which considers only ROW biomass in the supply chain, the second model, which adds corn stover 
as a competing feedstock into the supply chain, and the third model, which includes retrofitting 
cost in the power plant as an optional capital cost. Source codes for the three models are preserved 
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in a secure repository managed by BioMASS Lab in the University of Illinois at Urbana-
Champaign (contact Dr. Luis F. Rodríguez at lfr@illinois.edu for detailed information). 
3.3.1 The baseline model 
The baseline model is a linear programming model to minimize the annual cost of shipping 
ROW biomass from county depots to eligible power plants for co-firing. The feedstock in this 
model is only ROW biomass. The quantities of county-level ROW biomass were estimated using 
the yield info from BETY database (LeBauer, Wang, & Dietze, 2010) and the area info from land 
identification and land cover model described in the data generation section of this chapter.  
Potential eligible power plants were selected from The National Energy Technology 
Laboratory Coal Power Plant Database (NETL, 2007). The selection criteria were based on the 
United States Energy Information Administration’s annual report on electric power and include: 
power plants that use bituminous, lignite, pet coke, subbituminous, synthetic coke or waste coal 
as primary fuels; power plants that have pulverized, cyclone, fluidized bed or stoker boilers. To 
comply with the Illinois Renewable Portfolio Standard (ICC, 2015), only investor-owned power 
plants were selected. 
3.3.1.1 Model components and formulation 
Minimize B T PZ C C C= + +  (3.3.1) 
In this study, the objective function is to minimize total system cost, Z , which is defined 
by three key factors: biomass cost BC , transportation cost TC , and production cost PC . 
In this study, i  represents any element in the set I  that is composed of m  possible 
biomass supply counties while j  represents any element in the set J  that is composed of n  co-
firing power plants. 
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ROW biomass purchase costs BC  are a function of the optimal flows 
,i jf  of feedstock k  
from supply sites i  to co-firing power plants j  and the county-level production costs iC  at the 
sourcing site. 
,i j i
B
i j
C f C= ´  (3.3.2) 
The decision variables related to feedstock purchase costs are the amounts of feedstock 
flow from each supply site to each co-firing power plant ( ,i jf ), which should not exceed the actual 
availability for each feedstock ( iB ) at each county. 
,i j i
j
f B i   (3.3.3) 
County-level ROW biomass production costs ( iC ) and availability ( iB ) are two inputs 
related to biomass supply. Given the energy content of the ROW biomass E , the total energy 
produced from feedstocks from all selected counties need to meet the system energy demand 
demandE , taking the heat efficiency   of power plants into consideration. 
,i j
demand
i j
f E E´ ´   (3.3.4) 
Biomass transportation costs ( TC ) are composed of variable transportation costs ( varT ) and 
fixed transportation costs ( fixT ). 
T var fixC T T= +  (3.3.5) 
Variable transportation costs are determined by the unit variable transportation cost ( vart ), 
the shortest distances between each pair of facilities within the system ( ,i jD ) and the amount of 
feedstocks shipped between these facilities ( ,i jf ). 
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, ,i j i j
var var
i j
T f t D= ´ ´  (3.3.6) 
Fixed transportation costs that include loading and unloading costs depend on the unit fixed 
transportation cost ( fixt ) and also the amount of feedstock being transported. 
,i j
fix fix
i j
T f t= ´  (3.3.7) 
When the co-firing rate is low and no retrofitting is needed, the costs occur in power plants 
( PC ) are determined by the unit operation and maintenance costs ( omc ) and the amount of 
electricity produced from the feedstocks. 
,i j
P om
i j
C f E c= ´ ´ ´  (3.3.8) 
On the one hand, to ensure the co-firing ratio does not exceed the threshold that avoids 
retrofitting, a maximum co-firing ratio ( maxr ), compared to the total capacity of every power plant 
( jP ), was used to cap the total amount of feedstock that can be used in every power plant. 
,i j j
max
i
f E P r j´ ´  ´    (3.3.9) 
On the other hand, it is not likely for power plants to accept very small amount of feedstock, 
since the benefits will probably not be able to justify the effort. Therefore, a minimum ratio ( minr ) 
was implemented to keep the feedstock supply above certain level. 
 
,i j j
min
i
f E P r j´ ´  ´    (3.3.10) 
3.3.1.2 Model outputs and analysis 
The model will produce the overall cost and unit energy production cost ($/kWh). By 
comparing it with the current cost of coal, we can estimate the financial impact on the power plants. 
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By comparing it with the cost of using biomass for heating IDOT facility (Section 3.2) we can 
evaluate the near-term necessity of co-firing ROW biomass in power plants. 
The model will select the optimal biomass supplying counties and power plants. This can 
reveal the geographical distribution of ROW biomass resources, as well as their accessibility to 
end-use facilities (power plants). 
For a linear programming model, shadow price is often used to evaluate the uncertainty. 
Shadow price is the change of the objective value (in this case is the total cost) brought by a unit 
increase of a constraint. By calculating the shadow price, we can answer these questions: 
(1) How does the change of feedstock supply in each county affect the overall/unit cost? 
How is this effect related to the geographical relationship between counties and 
power plants? 
(2) How does the change of each power plant’s capacity affect the overall/unit cost? And 
similarly how is this effect related to the geographical relationship between counties 
and power plants? 
3.3.2 The model with ROW biomass and corn stover  
Corn stover, another inexpensive biomass in Illinois is added into the supply chain of ROW 
biomass in order to compare the economic feasibility. This is still a linear programming model 
similar to the baseline model, but with the addition of corn stover as a competitive feedstock. 
County-level stover production and costs data in Illinois was retrieved from the USDA (Paul W 
Gallagher & Baumes, 2012). 
3.3.2.1 Model components and formulation 
The structure of the formulations is similar to the baseline model. The biggest change of 
this model is the additional of a new set K  for the feedstock type. To avoid confusion, we list the 
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changed equations and label them correspondingly, with annotation indicating the changes. The 
descriptions are also kept similar. 
In this model, the objective function is the same as equation 3.3.1. Which includes the 
feedstock purchase costs, transportation costs, and power plant costs. Feedstock purchase costs 
BC  now are a function of the optimal flows 
, ,i j kf  of feedstock k  from supply sites i  to co-firing 
power plants j  and the county-level production costs ,i kC  at the sourcing site. 
, , ,i j k i k
B
i j k
C f C= ´  (3.3.2-a) 
The decision variables related to feedstock purchase costs are the amounts of feedstock 
flow from each supply site to each co-firing power plant ( , ,i j kf ), which should not exceed the 
actual availability for each feedstock ( ,i kB ) at each county. 
, , , ,i j k i k
j
f B i k   (3.3.3-a) 
County-level feedstock production costs ( ,i kC ) and availability ( ,i kB ) are two inputs related 
to biomass supply. Given the energy content of each feedstock kE , the total energy produced from 
feedstocks from all selected counties need to meet the system energy demand demandE , taking the 
heat efficiency   of power plants into consideration. 
, ,i j k k
demand
i j k
f E E´ ´   (3.3.4-a) 
Biomass transportation costs ( TC ) are composed of variable transportation costs ( varT ) and 
fixed transportation costs ( fixT ). 
T var fixC T T= +  (3.3.5-a) 
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Variable transportation costs are determined by the unit variable transportation cost ( vart ), 
the shortest distances between each pair of facilities within the system ( ,i jD ) and the amount of 
feedstocks shipped between these facilities ( , ,i j kf ). 
, , ,i j k i j
var var
i j k
T f t D= ´ ´  (3.3.6-a) 
Fixed transportation costs that include loading and unloading costs depend on the unit fixed 
transportation cost ( fixt ) and also the amount of feedstock being transported. 
, ,i j k
fix fix
i j k
T f t= ´  (3.3.7-a) 
When the co-firing rate is low and no retrofitting is needed, the costs occur in power plants 
( PC ) are determined by the unit operation and maintenance costs ( omc ) and the amount of 
electricity produced from the feedstocks. 
, ,i j k k
P om
i j k
C f e c= ´ ´ ´  (3.3.8-a) 
On the one hand, to ensure the co-firing ratio does not exceed the threshold that avoids 
retrofitting, a maximum co-firing ratio ( maxr ), compared to the total capacity of every power plant 
( jP ), was used to cap the total amount of feedstock that can be used in every power plant. 
, ,i j k k j
max
i k
f E P r j´ ´  ´    (3.3.9-a) 
On the other hand, it is not likely for power plants to accept very small amount of feedstock, 
since the benefits will probably not be able to justify the effort. Therefore a minimum ratio ( minr ) 
was implemented to keep the feedstock supply above certain level. 
, ,i j k k j
min
i k
f E P r j´ ´  ´    (3.3.10-a) 
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3.3.2.2 Model outputs and analysis 
The model will produce the overall cost and unit energy production cost ($/kWh), as well 
as the individual costs from ROW biomass and corn stover. The model will also select the optimal 
biomass and corn stover supplying counties and power plants. 
Comparing the unit cost of each feedstock and the geographical distribution of the sourcing 
cites, we can reveal the trade-off between cost and supply sufficiency of the two feedstocks. 
The sensitivity analysis using shadow price will answer similar questions as in the model 
with only ROW biomass, with focuses on: 
1) Which feedstock (and from which area) has more influence on the overall cost? 
2) How does the change of power plant capacities, total energy demand, and minimum 
co-firing ratio affect the overall cost? And how is these influence different from when 
only ROW biomass was the feedstock? 
3.3.3 The model with optional retrofitting 
3.3.3.1 Changes in model components and formulation 
When the feedstock used in a power plant takes more than a certain percentage of its total 
capacity (i.e. sr , which equals maxr  in the baseline model), the power plant needs retrofitting to 
accommodate the additional capacity. If retrofitting is needed, we also capped the co-firing ratio 
to be lR , based on available data on retrofitting costs (EERE, 1997; Koppejan & Van Loo, 2012; 
Robinson, Rhodes, & Keith, 2003). In order to model the choices of small ( s ) or large ( l ) co-
firing ratio in power plants, three binary variables were added: jo  for the selection of a power 
plant, 
j
so  for the selection of smaller co-firing ratio, and jlo  for the selection of larger co-firing 
 43
ratio, at power plant ݆. jsp  and jlp are the corresponding co-firing capacities at the power plant, 
which are addressed in equation 3.3.11 to equation 3.3.14. 
, 0,1j j j js s s sp o P r j o ´ ´   =  (3.3.11) 
 
, 0,1j j js s sp o j o   =  (3.3.12) 
 
, 0,1j j j jl l s lp o P r j o ´ ´   =  (3.3.13) 
 
, 0,1j j j jl l l lp o P r j o ´ ´   =  (3.3.14) 
The sum of the two binary variables, jso  and jlo , equals the binary variable 
jo , which can 
be not be larger then 1, ensuring that if a power plant is selected for co-firing, the co-firing ratio 
can either be small or large, but not both. Also the way jsp  and jlp  were constructed make sure 
that when the binary variable is zero, its corresponding co-firing capacity is zero as well. 
, , , 0,1j j j j j js l s lo o o j o o o+ =   =  (3.3.15) 
The co-firing capacity of the power plant should equal to the actual feedstock shipment. 
, , ,j j i j k ks l
i
p p f e j+ = ´ ´    (3.3.16) 
Similar to the basic model, the feedstock flow matches the capacity in the power plant. 
,j j j js l minp p o P r j+  ´ ´    (3.3.17) 
If retrofitting is needed, additional costs, aside from the cost described in the basic model, 
include additional power plant capital cost jcapC  and fixed operation and maintenance cost 
j
fomC . 
, , ( )i j k k j jP om cap fom
i j k j
C f E c C C= ´ ´ ´ + +   (3.3.8-b) 
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Additional power plant capital cost is calculated based on additional power (kilowatt-
hours) at each power plant, and the unit power capital cost (dollar per kilowatt-hours). The 
additional power is calculated by dividing the annual additional energy (megawatt-hours) by the 
annual operating hours jh of each power plant. 
1000 ,
j
j l
cap capj
pC C j
h
´= ´    
(3.3.18) 
Fixed operation and maintenance cost is comprised of the full-time equivalent labor cost 
FTEC , and fixed maintenance cost. The latter cost is proportional to the additional power plant 
capital cost with a fixed ratio ( ). 
,j j jfom l FTE capC o C C j= ´ + ´    (3.3.19) 
 
3.3.3.2 Model outputs and analysis 
In addition to the results provided by the LP model, this model will also show whether 
retrofitting is necessary under current energy demand and transportation costs: If some of the 
power plants were selected for retrofitting, then it means the cost of centralizing is lower than 
added transportation cost; If no power plants were selected for retrofitting, the results should be 
the same as in the LP model, meaning the cost of centralizing is higher than added transportation 
cost. 
Since shadow price does not apply to MILP anymore, Sobol indices were used to analyze 
the influence of model inputs. Sobol indices are derived from variance-based sensitivity analysis, 
which is a type of global sensitivity analysis and is able to measure the contributions from both a 
variable alone (the first-order index, ) and the interactions with other variables in the system  Si
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(the total-effect index, ) (Saltelli et al., 2008). In this study, for example, if  represents the 
-th factor (e.g. the number of available power plants) and the matrix of all other factors except 
for  (e.g. demand ratio and minimum co-firing ratio). is the output of model (unit biomass 
cost) and is the expectation and the variance. The first-order Sobol index (equation 3.3.20) 
only measures the (first-order) effect of (number of available power plants) on the output (unit 
biomass cost) and the total index (equation 3.3.21) includes first and higher orders (interactions) 
effects iX  of (number of available power plants and the other factors). Full derivation and 
explanation can be found in (Saltelli et al., 2010). 
 
(3.3.20) 
 
 
(3.3.21) 
 
Table 3.5 Ranges of variables for the Monte-Carlo method. The base value of energy demand is 
1,664,145 MWh per year. 
Variable Unit Range Source of range 
Energy demand MWh 90% - 110% of 
the base value 
assumption 
Retrofitting capital cost $/kWh/year 150 - 300 (USDOE EERE, 1997; Robinson et 
al., 2003; Koppejan & Van Loo, 
2012) 
Variable transportation cost $/Mg/km 0.073 - 0.15  
(Kumar et al., 2004; Kumar et al., 
2005) Fixed transportation cost $/Mg 5.42 - 7.08 
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 Xi  Y
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To numerically estimate the sensitivity indices, The Monte-Carlo method was employed 
to generate sampling sequences and construct matrices for the following calculations. In this case, 
for each of the three variables, 2000 random points were sampled with uniform distribution from 
the ranges listed in Table 3.5. 
The procedures of constructing low-discrepancy sequences (Saltelli et al., 2010) are 
described as below: 
(1) Extract the first 1000 samples of the first variable (A1), the second variable (B1), the 
third variable (C1), and the fourth variable (D1) and combine them into a 1000 by 4 matrix, which 
is the first input matrix (A1, B1, C1, D1), denoted as ; 
(2) Use the remaining 1000 samples of each variable (A2, B2 and C2 respectively) to 
construct the second input matrix (A2, B2, C2, D2), denoted as ; 
(3) Rearrange the 8 vectors and construct 4 more new input matrices: (A2, B1, C1, D1), 
(A1, B2, C1, D1), (A1, B1, C2, D1), and (A1, B1, C1, D2), denoted as , where  is 1, 2, 3, 
and 4. 
Note: in this case, A1, A2, A3, and A4 are values of the energy demand; B1, B2, B3, and 
B4 are values of the variable transportation cost; C1, C2, C3, and C4 are values of the fixed 
transportation cost; D1, D2, D3, and D4 are values of the retrofitting capital cost. 
Therefore, in total (4 2) 1000 6000+ ´ =  sets of inputs were created and sent to the 
optimization model. The 6000 outputs are then generated and used in the estimators in equation 
3.3.22 and equation 3.3.23 (Jansen, 1999; Saltelli et al., 2008). 
 
(3.3.22) 
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 AB
( i)  i
 
VXi (EX ~i (Y | Xi )) »V (Y )-
1
2N
( f (B) j - f ( AB
(i ) ) j )
j=1
N

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(3.3.23) 
In this study, “sensitivity” package (Gilles Pujol, Bertrand Iooss, Alexandre Janon, 2014) 
of R (version 3.1.0) were used to calculate the first-order and total-effect Sobol indices using the 
built-in function “soboljansen” based on the two estimators. All the source codes and constructed 
data are preserved in a secure repository managed by BioMASS Lab in the University of Illinois 
at Urbana-Champaign (contact Dr. Luis F. Rodríguez at lfr@illinois.edu for detailed information). 
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CHAPTER 4: RESULTS AND DISCUSSION 
This chapter will present the results from models established in the methods chapter and 
discussion. Because most of the figures from the results take a full page, they are placed at the end 
of this chapter, with inline references throughout the chapter. 
 The baseline model 
The baseline model is a linear programming model, with ROW biomass as the sole 
feedstock to co-firing in selected power plants. The model used all ROW biomass and was 
optimized to minimize the annual total cost. The results showed that the overall cost is 897,091 
USD, with 48% of biomass procurement cost, 49% of transportation cost, and about 3% of 
operating and maintenance (O&M) cost. All of the 20,492 Mg of ROW biomass was used to 
produce in total 33,133 megawatt hours of electricity. The cost of unit electricity produced from 
co-firing biomass is 2.71 cent/kWh. As comparison, the 2013 cost of coal in Ameren Illinois was 
0.7 cent/kwh, in 2012 it was 0.66 cent/kwh, and in 2011 it was 0.59 cent/kwh. 
As shown on the map depicted in Figure 4.1, the ROW biomass supply is more abundant 
in the northern part of Illinois, while eligible power plants are located around Central Illinois. The 
amount of ROW biomass collected by each power plant varies from 1116 Mg (Duck Creek Power 
Plant) to 8403 Mg (ED Edwards Power Plant). These two power plants are in the adjacent counties, 
while ED Edwards is to the north of the other and closer to counties with higher ROW biomass 
production, hence the larger collection. The two power plants with largest ROW biomass 
collection (ED Edwards and Newton) also have the highest unit costs for collecting ROW biomass 
(about $46/Mg, comparing to the lowest of $36/Mg), since they collect biomass from more 
counties, therefore raising their transportation costs. 
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For supplying ROW biomass from each county, the unit price of ROW biomass increases 
significantly when the sourcing cites (counties) move away from their nearest power plants, 
ranging from about $35/Mg (of counties near the power plants) to about $55/Mg (of counties far 
from the power plants) (Figure 4.2). 
As discussed in the Methods chapter, the shadow price is used to evaluate the impacts from 
model inputs. The map in Figure 4.3 showed that the shadow price of ROW biomass availability 
in each county decreases when the sourcing cites (counties) move away from their nearest power 
plants. This, together with the trend of unit price of ROW biomass for each county, indicates the 
important effect of transportation cost, which contributes to about half of the total cost. Shadow 
prices of power plants capacities are all zero (thus not shown on the map), since the energy demand 
is far from 5% of power plant capacity, meaning the capacity has no impact at this stage. 
 The model with corn stover 
This is an LP model to minimize the annual cost of shipping ROW biomass and/or corn 
stover from county depots to eligible power plants for co-firing without retrofitting. The energy 
demand is 5% of the total capacity of eligible Ameren Illinois power plants. The overall cost, 
including the two feedstocks, is USD 25,699,228, of which 77.5% is feedstock procurement cost, 
19.3% is transportation cost, and 3.2% is O&M cost. 
The total ROW biomass used is 9,420 Mg, producing a total of 15,231 megawatt hours of 
electricity. The total cost of ROW biomass is USD 348,620, with 57% of procurement cost, 39.5% 
of transportation cost, and 3.5% of O&M cost. The unit ROW biomass cost is $37/Mg and the cost 
of unit electricity produced from co-firing ROW biomass is 2.29 cent/kwh. 
The total corn stover used is 611,435 Mg, producing a total of 982,188 megawatt hours of 
electricity. The total cost of corn stover is USD 25,350,609 with 78% of procurement cost, 19% 
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of transportation cost, and 3% of O&M cost. The unit corn stover cost is 41.5$/Mg and the cost of 
unit electricity produced from co-firing corn stover is 2.58 cent/kwh. 
The lowest unit corn stover cost (including transportation and O&M) is about $39/Mg and 
the highest is about $44/Mg. Therefore, when competing with stover, counties with higher ROW 
biomass cost were excluded (Figure 4.4 and Figure 4.5). This leaves only half of the total counties 
with ROW biomass left, compared with the model with only ROW biomass (48 versus 95). 
Unsurprisingly, corn stover are almost only shipped from the exact counties where there are 
eligible power plants to minimize the cost (Figure 4.7 and Figure 4.8). Cumberland County is the 
only county to provide corn stover to a power plant outside the county (Newton Power Plant in 
Jasper County). Because for other power plants, the corn stover from the counties where they 
reside are enough for the demand (5% co-firing ratio), while in Jasper County it is not. Therefore, 
Newton Power Plant has to collect corn stover from its nearby Cumberland County, despite it has 
the highest unit cost with the additional transportation costs. 
The trend of shadow prices of counties is similar to when ROW biomass was the sole 
feedstock: the shadow price of ROW biomass availability in each county decreases when the 
sourcing counties move away from its nearest power plants (Figure 4.6). However, half of the 
counties now have zero shadow prices, meaning an increase of their ROW biomass availability 
will not affect the results. This has the same reason as the reduced number of ROW biomass 
supplying counties: their costs are not competitive compared to corn stover, which even has more 
sufficient supply. Jasper County is the only location with a non-zero shadow price of corn stover 
availability. As mentioned, that is because the current supply of corn stover in that county cannot 
meet the demand of the power plant there. 
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All but Newton Power Plant has a non-zero shadow price for maximum co-firing ratio. 
Because Jasper County, where Newton Power Plants locates, does not have sufficient corn stover 
supply and relies on shipping corn stover from its nearby county. Increasing the upper boundary 
of Newton Power Plant’s co-firing capacity will not reduce the cost, because fulfilling the 
additional capacity requires more expensive feedstocks from outside the county. While for other 
power plants, if they have more co-firing capacities, they will source the feedstock from their own 
counties for the same unit cost. With the same total energy demand, the shipment to Newton Power 
Plant will decrease and because co-firing at Newton is more expensive, the total cost will drop (as 
indicated by the negative numbers of shadow prices). 
 The model with optional retrofitting 
This model is developed from the LP model with ROW biomass and corn stover. The 
difference is in this model, retrofitting of power plants in order to co-fire at more than 5% of their 
capacity level is optional. Including this binary option makes the model a mix integer linear 
programming (MILP) model. The energy demand is the 2015 goal of Illinois RPS (1,664,145 
megawatt hours). 
The total cost is USD 55,115,846, of which 60.5% is feedstock procurement cost, 16.2% 
is transportation cost, 3.4% is O&M cost, and 19.9% is retrofitting cost. The cost of unit electricity 
produced from co-firing ROW biomass and corn stover is 3.31 cents/kwh. The total ROW biomass 
used is 10,264 Mg, producing a total of 16,596 megawatt hours of electricity. The total corn stover 
used is 1,025,637 Mg, producing a total of 1,647,549 megawatt hours of electricity. 
As shown in the map (Figure 4.9), More counties were added to supply ROW Biomass and 
corn stover to meet the higher total energy demand, compared with in the LP model. Two more 
counties now are selected to supply corn stover. They both are near Newton Power Plant and only 
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ship corn stover there. This, again, is because of insufficient supply of corn stover from Jasper 
County, where Newton Power Plant locates. Four more counties are selected to supply ROW 
biomass, because the additional corn stover supplying counties raised the unit of corn stover and 
therefore allowing ROW biomass with higher costs into the system. 4 out of the 6 power plants 
was chosen to retrofit (Hutsonville, ED Edwards, Meredosia, and Newton), with shades of color 
indicating the retrofitting cost. Newton Power Plant has the highest retrofitting and corn stover 
collection among the power plants, despite its high unit cost. The reason may be that, Newton 
Power Plant has the largest (original) capacity among all, and by collecting more feedstock, it 
avoids the more retrofitting from other power plants. 
Since this is a MILP model, we use global sensitivity indices to study the uncertainty 
brought by four key model inputs: energy demand (ED), retrofitting capital cost (RCC), variable 
transportation cost (VTC), and fixed transportation cost (FTC). The result (Table 4.1 and Figure 
4.10) showed that RCC has the largest impact on the objective value (measured in unit electricity 
cost (UEC) generated from co-firing biomass and corn stover), while the transportation costs have 
almost no influence on the results. This result can also be visualized with the scatter plots (Figure 
4.11). For VTC and FTC, averaging the points value vertically will form a horizontal line, 
indicating a zero variance in the UEC results and therefore a null impact. For ED and RCC, the 
averages will form increasing lines, indicating non-zero variance in the UEC values and thus their 
impacts. 
It is easy to understand retrofitting cost’s effect on UEC, since it takes up to 20% of total 
cost. When retrofitting is needed, increasing RCC will surely increase the UEC. In the case of 
transportation costs, since most of the feedstock is corn stover and corn stover is mostly sourced 
locally (from where the power plants are), raising VTC and FTC does not change the UEC. 
 53
Elevating the system demand, will affect the UEC in two ways: raising the retrofitting costs in 
power plant to absorb more feedstock, and increasing the transportation cost since if local 
feedstock runs out. 
 
Figure 4.1 Baseline scenario model results: the distribution of ROW biomass and the collection of 
biomass in power plants. Deeper shades of counties indicate larger supply of ROW biomass. The size of dots 
represents the collected ROW biomass, and the shade of the dots represents the purchasing cost, at each 
power plant. 
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Figure 4.2 Baseline scenario model results: the unit cost of ROW biomass and the collection of 
biomass in power plants. Deeper shades of counties indicate higher cost of ROW biomass. The size of dots 
represents the collected ROW biomass, and the shade of the dots represents the purchasing cost, at each 
power plant. 
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Figure 4.3 Baseline scenario model results: the shadow price of ROW biomass availability and the 
collection of biomass in power plants. Deeper shades of counties indicate higher shadow price of ROW 
biomass availability. The size of dots represents the collected ROW biomass, and the shade of the dots 
represents the purchasing cost, at each power plant. 
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Figure 4.4 Model with competing corn stover results: the distribution of ROW biomass and the 
collection of biomass in power plants. Deeper shades of counties indicate larger supply of ROW biomass. The 
size of dots represents the collected ROW biomass, and the shade of the dots represents the purchasing cost, 
at each power plant. 
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Figure 4.5 Model with competing corn stover results: the unit cost of ROW biomass and the 
collection of biomass in power plants. Deeper shades of counties indicate higher cost of ROW biomass. The 
size of dots represents the collected ROW biomass, and the shade of the dots represents the purchasing cost, 
at each power plant. 
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Figure 4.6 The shadow price of ROW biomass availability and the collection of biomass in power 
plants. Deeper shades of counties indicate higher shadow price of ROW biomass availability. The size of dots 
represents the collected ROW biomass, and the shade of the dots represents the purchasing cost, at each 
power plant. 
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Figure 4.7 Model with competing corn stover results: the distribution of corn stover and the 
collection of corn stover in power plants. Deeper shades of counties indicate larger supply of corn stover. The 
size of dots represents the collected corn stover, and the shade of the dots represents the purchasing cost, at 
each power plant. 
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Figure 4.8 Model with competing corn stover results: the unit cost of corn stover and the collection of 
biomass in power plants. Deeper shades of counties indicate higher cost of corn stover. The size of dots 
represents the collected corn stover, and the shade of the dots represents the purchasing cost, at each power 
plant. 
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Figure 4.9 Model with optional retrofitting results: the distribution of ROW biomass and corn 
stover, and the collection of corn stover in power plants. Deeper shades of counties indicate larger supply of 
the feedstock. The size of dots represents the collected corn stover, and the shade of the dots represents the 
purchasing cost, at each power plant. 
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Table 4.1 The first order and total effect indices of energy demand ratio varying from 90% to 110%, 
retrofitting capital cost varying from $150 to $300/ kWh/ year, variable transportation cost varying from 
$0.073 to $0.15/Mg/km, and fixed transportation cost varying from $5.42 to $7.08/Mg. 
 First-order index Total-effect index 
Variable Index Rank 95% Confidence Interval Index Rank 
95% Confidence 
Interval 
Energy demand 0.3665 2 0.3055~ 0.4309 0.3510  0.3152~ 0.3854 
Retrofitting capital 
cost 0.6322 1 0.5964~ 0.6749 0.6030  0.5499~0.6563 
Variable 
transportation cost 0.0060 4 -0.0608~ 0.0696 0.0109  0.0098~ 0.0122 
Fixed 
transportation cost 0.0206 3 -0.0490~ 0.0787 0.0122  0.0108~ 0.0134 
 
 
Figure 4.10 The first order and total effect indices of energy demand ratio varying from 90% to 
110%, retrofitting capital cost varying from $150 to $300/ kWh/ year, variable transportation cost varying 
from $0.073 to $0.15/Mg/km, and fixed transportation cost varying from $5.42 to $7.08/Mg. 
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Figure 4.11 Scatter plots of the model with optional retrofitting. Each plot is made of 6000 points. 
The x-axis represents different values of the studied model inputs. The y-axis represents the corresponding 
UEC value. The red horizontal line in every plot is the mean value of all UEC results. 
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CHAPTER 5: CONCLUSION AND FUTURE WORK 
Highway right of way (ROW) biomass supply chain optimization models were developed 
to minimize the annual cost of biomass-coal co-firing. The models select the counties for biomass 
supply and power plants for co-firing, as well as the optimal flow patterns of biomass between 
counties and power plants. By employing GIS and remote sensed satellite images, a workflow was 
created to identify the eligible lands along Illinois highway ROW, and compiled into an easy-to-
use program that automates the workflow. Google Maps API was used to generate the shortest 
distance matrices between possible facilities. 
In the baseline linear programming model, where ROW biomass is the sole feedstock, the 
unit cost is about $43.8/Mg biomass, or 2.71 cent/kWh electricity, which is not economically 
competitive, compared to the current cost of coal used in the same power plants. Proximity to the 
power plants, which determines the transportation costs, plays the most important role on the unit 
cost. Most of the eligible power plants locate around Central Illinois, and costs of supply ROW 
biomass are shown to be the lowest in this region. 
When corn stover is added as an alternative feedstock, the model selects only half of the 
counties to supply ROW biomass feedstock and reduces the cost of ROW biomass to about 37/Mg. 
This is because corn stover is much more abundant in almost all Illinois counties, making it 
possible to supply most of the corn stover from local farms to the power plants in the same county, 
avoiding high transportation costs. ROW biomass shrinks its sourcing area to reduce the 
transportation costs, in order to compete with corn stover. 
When the energy demand is expanded to fulfill the Illinois Renewable Standard (2025), we 
modify the model to a mixed integer linear programming model, adding the capability to retrofit 
power plants to accommodate the additional feedstock. In this case, the sourcing cites of ROW 
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biomass are kept almost the same, while more counties are selected to supply corn stover, raising 
the average cost from 2.58 to 3.31 cent/kWh electricity for corn stover. Uncertainty analysis using 
global sensitivity indices reveals that the retrofitting capital cost is the most impactful input on the 
results and energy demand being the second, while transportation costs have almost no influence. 
In conclusion, even though the cost of ROW biomass cannot compete directly with coal, 
which applies to most renewable energy forms at the current stage, it is among the cheapest. ROW 
biomass has been shown to be feasible as the alternative fuel for heating local IDOT facilities. 
However, when the demand increases, the supply shortage becomes a big disadvantage compared 
to the bountiful corn stover in Illinois. Considering the resource distribution and power plant 
location, it is recommended for stakeholders to begin implementing ROW biomass production in 
the Central Illinois Region. 
Future improvements resides in the three constituents of system analysis: 
1) System informatics: limited by labor resources, no groundtruthing was performed to 
fully validate the land data generated in this study. The model’s accuracy would be 
improved if a more refined and factual database can be established in the future. 
2) Decision support: currently, the gap between analysis and visualization is fulfilled by 
manual operation, cloud-based geospatial decision-making systems such as Cyber-
GIS could be a good candidate to automated the process and provide the stakeholders 
with easier and more responsive decision-making supports. 
3) The sensitivity of the model to biomass/corn stover yield and availability was not 
considered. The performance of biomass crops along highway ROW is not well 
known and should be considered before further implementation. 
. 
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APPENDIX A: ROW AREA ESTIMATION USING LAND 
COVER DATA AND LINEAR REGRESSION  
A.1 Software environment 
ArcGIS desktop 10.1 is recommended and the following procedures are based on this 
platform. ArcGIS desktop is only available on Windows operation system. All analysis is done 
using NAD 1983 datum and UTM 16N coordinate system. 
A.2 Data source 
A.2.1 DOQ images 
1) Go to USDA Geospatial Data Gateway: 
http://datagateway.nrcs.usda.gov/GDGOrder.aspx  
2) In the drop-down menu, choose the state, and then from the left column, choose the 
county you need. (You can select multiple counties if needed.) Click submit button 
and wait for about several seconds for response. 
3) In the page entitled “WHAT”, scroll down and find the “Ortho Imagery” section. 
Select the 2004 map and click the “+” button on the right end to check if it has a 
name format as “XXXXX_2c2004_1 county-name”. Click “continue”. 
4) In the following page. Click “continue” on the bottom, make sure “FTP” is checked 
as default downloading method. 
5) Filling the contact info in the next page and wait for several minutes to receive the 
notification email, in which there is the download link. 
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A.2.2 Highway road shapefile 
1) Go to http://gis.dot.illinois.gov/gist2/ 
2) Select the year, county, and road type (“Highway”). Download the data. 
A.3 Procedure 
First of all, open a new empty project in ArcGIS desktop and save it as “mxd” file. Change 
the map document properties to “save relative pathnames”. 
Change the layer’s projected coordinate system to NAD 1983 UTM Zone 16N. 
Add the road network and image folder to the “Folder Connections” in “Catalog” window. 
Note: You will be creating many new files; it is important to designate a location (folder) 
for these files and names them properly. 
A.3.1 Prepare the road network 
A.3.1.1 Road selection 
Since only the US and State Highway are allowed for use in this project currently, these 
two need to be extracted first. 
1) Add “HWY2012” shapefile to the layer. 
2) Open the attribute table. 
3) Use “Select by attributes” tool to select highway names starting with “U” or “S” 
(These are the US and State routes, the type of roads we are interested in for 
analysis). The syntax is: "MARKED_RT" LIKE 'U%' OR"MARKED_RT" LIKE 
'S%'. Hit “apply” and then “close”. 
4) Right click on the file name “HWY 2012” (name in the table of contents, which is the 
left panel) select “data  export data” and export data to a new file (us_state). Make 
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sure the coordinate matches with the data frame. If it pops up asking to add to the 
map, do as it says. 
5) Now you can remove the original road network and keep only the selected US and 
State’s highway. 
Considering the safety of roadside operation, we will only include those highway segments that 
have speed limit higher than 35 mph. It has the same process as in last step. Only this time, we 
select attributes using: "SP_LIM" > '35'. Save it as another file and name it something like 
“us_state_35”. 
You can combine last two steps using “And” function and create the file in one time. 
A.3.1.2 Create ROW buffering zone 
Now we are going to create the buffer zone as ROW area. 
1) First of all, calculate the whole width of each segment of road by opening the attribute 
table of the file us_state and adding a field in the attribute called“Road Width”. Select type float 
and hit OK. Now, right click on the column named “Road Width” and use the field calculator tool 
to sum up all other related width with the following equation: 
 ([I_SHD1_WTH] + [I_SHD2_WTH] + [MED_WTH] + [O_SHD1_WTH] + [O_SHD2_WTH] + 
[SURF_WTH] )*0.3048/2 
Where 0.3048 is to convert feet to meter and dividing by 2 is to calculate the width on each 
side of the central line. 
2) Use the buffer analysis tool to buffer the road polyline with the attribute just created. 
The input feature is us_state_35  and in the distance field select “Road_Width” that you calculated 
earlier. Save the buffered shapefile. (rdw) 
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3) Then create another buffer based the buffer created in step 2). The buffer width will be 
a fixed value, 24 feet. Remember to specify the linear unit, and choose the “Side Type” as “Outside 
Only” and “Dissolve Type” as “ALL”. Save the buffered shapefile. (row) 
A.3.2 Create NDVI image 
1) In the “Catalog”, click the “+” sign on the left of the raster image name. (“naip_1-
1_2c_s_il027_2004_1”). Drag and add “Band_1” and “Band_2” to the TOC (table of contents). 
2) Search and open “Raster Calculator” in toolbox. The function of generating NDVI 
(Normalized Difference Vegetative Index) will be: 
(Float("naip_1-1_2c_s_il027_2004_1.sid - Band_1") - Float("naip_1-
1_2c_s_il027_2004_1.sid - Band_2")) / (Float("naip_1-1_2c_s_il027_2004_1.sid - 
Band_1") + Float("naip_1-1_2c_s_il027_2004_1.sid - Band_2")) 
Save the generated image. (ndvi) 
3) Reclassify: in raster calculator, use equation: setnull ("ndvi"<=0.17, "ndvi") to exclude 
pixels with too small NDVI values; and then use equation setnull ("ndvilow">=0.56, 1) to exclude 
pixels with too large NDVI values and unify the selected pixel values as 1 for better visualization. 
Save the reclassified image. (ndvir) 
A.3.3 Integrate road network and NDVI image 
1) Use “Extract by Mask” tool to cut image with pixels located within the ROW 
polygons. Use the reclassified NDVI image in last step (ndvir) as the raster input and 
the buffered road ROW polygon created in A.3.1.2 (row) as the mask. Save the 
image. (rowndvi) 
2) Use “Raster to Polygon” tool to convert the clustered image from last step (rowndvi) 
to vector shapefile for further analysis. Do not “simplify polygons” (rowndviply) 
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3) Open the attribute table of polygons for the rowndviply file created in last step. Add a 
new attribute by right clicking the table icon at the top left of the attribute table and 
selecting “Add field”. Select type “float” and hit ok.  Next use “Calculate Geometry” 
function to calculate area for each polygon. 
Note: Record the unit you use for area, in the attribute title, or somewhere convenient to 
you. In this case, I use the same unit as in the coordinate system, which is SI (m2). 
4) In the attribute table, select those entries with area larger than 1000 m2 and save as a 
new shapefile. (row1k) 
A.3.4 Optimize the number of polygons 
There are two kinds of gaps between neighboring polygons: 1) across the road surface, 
which means two polygons are on either side of a common road; 2) small gaps between polygons 
on the same road side, such as entrances. 
Our goal is to find nearby polygons and combine them, find the combined centroid and the 
combined area for further use. 
1) First we will use buffer again, to make connections between nearby polygons. Use 
row1k as the input raster and the buffer distance will be the mean width of roads. 
(rowb) 
Note: The mean width of roads can be found by checking the statistics of buffered road 
and in this case is about 5.6 m. Multiply this number by 2 to get the mean road width, 11.2 m. (The 
results from section A.3.1.2 is only half of the road width, therefore you see only 5.6m when 
checking the statistics of that column.) 
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2) Eliminate the boundaries between overlapped polygons (created in last step) using 
“dissolve” tool in “data management”. Remember to uncheck the “create multipart 
features” (rowbd) 
Note: In this case, the number of polygons is reduced from 293 to 96. 
3) Now there are two datasets: a) the 293 original polygons containing their area 
information and b) the 89 new polygons containing the combined location 
information. We will use “spatial join” tool to generate a new table with IDs of new 
polygons and area numbers of original polygons, which is a mapping of 96 to 293.  
Note: Remember to use the original shapefile (with more polygons) as the “target features” 
and check “keep all target features”. Also select “join one to many”. 
 
Figure A.1 Spatial Join dialog box setting 
Note: Spatial join will add new column (IDs of large polygon) to the original (smaller 
polygons before grouping) shapefile’s attribute table. There is no new shapefile created. 
4) Now we have a shapefile (and attribute table) containing 293 rows. However, the area 
information is not summed up. We will “summarize” (right click on the column name 
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(“JOIN_FID”) and add the areas sharing the same IDs to create a new table with 96 
rows and added area information. 
Save the output table in “dBASE Table” format. (sum) 
 
Figure A.2 Summarize dialog box setting 
5) Now we will “join attributes” to associate the area information with the 96 pieces of 
land by right clicking “rowbd” and join to “sum” table to it. (rowpolygon) 
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Figure A.3 Join Data dialog box setting 
6) To present the location of each polygon, we use the “Feature to Point” tool to find to 
centroids of them and save as a new shapefile. (rowpoint) 
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APPENDIX B: ROW AREA ESTIMATION USING LAND 
COVER DATA AND LINEAR REGRESSION 
Table B.1 Land cover data for ROW area estimation at the county level. L is short for land cover. 
RD is short for road length.  L count shows the pixel count for a certain category of land cover type (indicated 
by the number) in that county.  Data is from National Land Cover Database 2006 (NLCD 2006) 
(http://www.mrlc.gov/nlcd2006.php). ROW1k is the measured ROW area larger then 1000 square meters in 
that county. 
County L RD 
(miles) 
L*RD ROW1k 
(m2) 
Total L 
count 
21 L 
count 
22 L 
count 
23 L 
count 
24 L 
count 
41 L 
count Will 0.62 196.08 121.57 363056 2441826 172952 410049 146804 58005 135313 
Champaign 0.87 143.64 124.97 348704 2871356 142841 156255 33435 10374 42657 
DeWitt 0.87 86.06 74.87 181776 1165337 41486 31592 5874 1390 73934 
Adams 0.69 138 95.22 47692 2512880 64066 102893 37083 6995 564028 
Bond 0.7 71 49.7 52620 1102029 67141 22812 2193 488 242488 
Carroll 0.82 91 74.62 345764 1343428 50229 26117 3612 1333 160462 
Clinton 0.81 89 72.09 65182 1448555 71046 49672 10005 1686 138963 
Edgar 0.85 107 90.95 411760 1793616 83421 31907 2648 849 153490 
Effingham 0.67 94 62.98 103892 1381315 108724 27165 6421 3104 309255 
Jackson 0.53 124 65.72 146840 1736133 95862 53417 6223 963 658394 
Madison 0.61 246 150.06 487092 2131643 208387 184295 57117 27911 362134 
McLean 0.87 192 167.04 490188 3413210 145042 147550 50569 13837 89411 
Peoria 0.61 43 26.23 82518 1814026 99746 109932 55776 15772 427788 
Sangamon 0.78 108 84.24 119356 2524470 122026 158039 69597 15942 183759 
Franklin 0.68 103 70.04 86872 1242068 78340 46114 7227 1137 268135 
Kankakee 0.86 45 38.7 99280 1958847 57150 121249 19244 7855 72654 
LaSalle 0.84 201 168.84 419252 3303545 137645 147265 31829 12013 211896 
Lee 0.87 126 109.62 191720 2096899 90564 51421 13999 3830 114434 
Iroquois 0.91 64 58.24 234712 3219107 147373 76452 8181 1464 65962 
Johnson 0.43 74 31.82 142036 1002981 48096 27071 1223 89 495102 
Marion 0.63 62 39.06 76560 1657207 104265 41459 8075 3149 457980 
McHenry 0.68 158 107.44 232020 1756998 131083 200088 39105 14376 178669 
Morgan 0.78 79 61.62 177292 1650454 45375 65121 19618 3014 226447 
Ogle 0.81 152 123.12 454268 2197097 98629 61430 13879 6630 230182 
Richland 0.77 48 36.96 50372 1040996 68702 13956 2123 840 158150 
Vermilion 0.82 124 101.68 257852 2591594 129908 92905 9100 5973 227759 
Warren 0.8 13 10.4 55420 1215687 44578 47501 7970 1383 139075 
Coles 0.79 75 59.25 169432 1468037 66845 60489 10126 3033 168615 
Douglas 0.9 77 69.3 93504 1200372 46286 44579 5173 1684 27236 
Fulton 0.62 18 11.16 91396 2543045 76694 86483 10526 1679 802804 
Grundy 0.83 34 28.22 7528 1238388 59134 50047 13055 7476 86153 
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Figure B.1 Linear regression with 30 data samples (in table A.1). L is short for land cover. RD is 
short for road length. The x-axis is the product of RD multiplied by L (data in table A.1). The y-axis is the 
measured ROW area larger then 1000 square meters in that county.  
 
Figure B.2 Linear regression with 27 data samples (in table A.1). L is short for land cover. RD is 
short for road length. The x-axis is the product of RD multiplied by L (data in table A.1). The y-axis is the 
measured ROW area larger then 1000 square meters in that county 
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APPENDIX C: PROPANE CONSUMPTION DATA 
Table C.1 Propane Consumption Data (based on the invoices provided by the DeWitt county depot of IDOT) 
invoice date quantity delivered unit price invoice amount 
 (gallons) ($/gallon) ($) 
4/11/13 250.6 $1.615 $404.72 
3/26/13 412.4 $1.660 $684.58 
2/27/13 508.6 $1.653 $840.72 
1/29/13 468.1 $1.635 $765.34 
1/16/13 522.7 $1.540 $804.96 
1/3/13 800 $1.090 $872.00 
12/3/12 211.9 $0.995 $210.84 
11/16/12 365.8 $1.080 $395.06 
10/11/12 244.4 $1.115 $272.51 
4/16/12 142.7 $1.163 $165.89 
3/5/12 300.4 $1.333 $400.28 
2/16/12 419.1 $1.230 $515.49 
2/2/12 310.1 $1.319 $408.87 
11/29/12 243.1 $1.580 $384.10 
11/7/11 209 $1.650 $344.85 
4/11/11 231.9 $1.508 $349.59 
3/14/11 365.3 $1.580 $577.17 
2/9/11 512 $1.528 $782.34 
1/31/11 505.8 $1.593 $805.74 
1/24/11 251.3 $1.583 $397.81 
1/13/11 429.5 $1.568 $673.46 
1/3/11 258.1 $1.576 $406.64 
12/23/10 502.1 $1.544 $775.09 
3/23/10 450 $1.306 $587.48 
1/7/10 1360 $1.655 $2,250.80 
12/7/09 974.9 $1.520 $1,481.85 
 
 
